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Abstract. News and social media are emerging as a dominant source of
information for numerous applications. However, their vast unstructured
content present challenges to efficient extraction of such information. In
this paper, we present the SYNC3 system that aims to intelligently struc-
ture content from both traditional news media and the blogosphere. To
achieve this goal, SYNC3 incorporates innovative algorithms that first
model news media content statistically, based on fine clustering of articles
into so-called “news events”. Such models are then adapted and applied
to the blogosphere domain, allowing its content to map to the traditional
news domain. In this paper an unsupervised approach to do-main adap-
tation is presented, which exploits external knowledge sources in order
to port a classification model into a new thematic domain. Our approach
extracts a new feature set from documents of the target domain, and tries
to align the new features to the original ones, by exploiting text related-
ness from external knowledge sources, such as WordNet. The approach
has been evaluated on the task of document classification, involving the
classification of newsgroup postings into 20 news groups.

1 Introduction

News content in the internet, available through both traditional news media
portals and the blogosphere, constitutes valuable information to both profes-
sionals and casual internet users, who however can be inundated by its vast
amount. Clearly, such information could be much more useful if presented and
delivered in a well-structured way. Many attempts, taking the form of either re-
search projects or commercial solutions, have been made to provide centralised
repositories of such content [1–3]. However, to date, there exists no integrated
system that structures blog post content across these two broad sources of news
information in parallel, capable to meet the requirements of a broad range of
end users, such as professional journalists, communication experts, and citizen
bloggers. The SYNC3 system [18] aims to fill this gap, efficiently structuring
content from both domains, rendering it accessible, manageable, and re-usable.

The SYNC3 system is a solution for aggregating news from both traditional
news media (i.e. news portals, etc.) and the blogosphere, providing the end users
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with sophisticated capabilities with respect to content structuring, management,
and delivery. The methodology adopted applies the news domain structure de-
rived from well-organised news portals to the less structured blogosphere. More
specifically, SYNC3 automatically builds a news thematology, based on a statis-
tical modelling approach that derives fine clusters of news articles, the so-called
“news events”. Subsequently, the system adapts the statistical news event mod-
els to the blogosphere domain, allowing the system to automatically find blog
posts that comment on these events. Classifying blog posts into events extracted
from news items can be easy, if the domain of both blog posts and news items are
relatively similar. This can be the case for professional journalists who are also
bloggers, as their writing style roughly remains the same when they write news
items or blog posts. However, the vast majority of bloggers do not fall into this
category, as they typically are individuals expressing personal thoughts, while
their writing style may vary significantly from what is observed in the news. In
order to associate blog posts from the latter category to the news, an adaptation
of the classification model is required, in order to accommodate any possibly
new writing styles. This process, known as domain adaptation, must extent a
model for handling documents from a different domain (i.e., blog posts), with-
out losing the ability to classify documents from the original domain (i.e., news
items replicated in blog posts, or blog posts from journalists).

The portability of natural language processing (NLP) systems to new thematic
domains is still a research area that attracts a significant research interest. Dur-
ing the last two decades, the use of machine learning has greatly improved the
adaptability to new domains, or even languages. However, the vast majority of
machine learning algorithms operate under a basic assumption: both the training
and test data should use the same feature space, and follow the same distribu-
tion, suggesting that both should originate from the same thematic domain.
When the distribution changes, the models must be re-generated from newly
collected data. The adaptation can be separated into three large categories, ac-
cording to the available data from the new domain. In supervised approaches,
there is an adequate number of labelled data to train the model from scratch, on
the new domain. When a limited number of labelled data are available, usually
too few to train a model with satisfactory performance, along with unlabeled
ones, the adaptation process is characterised as semi-supervised. Finally, unsu-
pervised approaches must adapt their model to a new domain by learning solely
from unlabelled examples.

Transfer learning or knowledge transfer is a research area, which tries to
extract knowledge from previous experience and apply it on new learning tasks.
Based on the idea that prior knowledge (i.e. identifying oranges) can be used
on new tasks (i.e. identifying lemons), transfer learning researches three main
central problems [22]: 1) how to extract the prior knowledge that is related,
2) how to represent the knowledge, and 3) how to apply the knowledge in the
new learning task. Domain adaptation is a sub-category of transfer learning,
where [17]:
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– The source and target domains are different, but related.
– The source and target tasks are the same (i.e. classification or regression).
– Labelled examples are available for the source domain.
– Only unlabeled examples are available for the target domain.

In this paper, we propose a novel approach for the task of domain adaptation,
in the context of document classification: we will try to classify (unlabelled) news-
group posts from a target thematic domain DT by performing model adaptation
on a model acquired from labeled newsgroup posts belonging to a similar source
domain DS . Our method concentrates on the feature space, by trying to expand
the features of the source domain with features that appear only in the target do-
main. Features that originate from the two different domains are aligned or linked
to each other, through text relatedness. Text relatedness can take many forms,
but we have opted for a simple relatedness measure, based on WordNet [15] syn-
onymity. The rest of the paper is organized as follows: in section 2 related work
is presented, where our method is compared to existing approaches. In section 3
our approach to model adaptation based on text relatedness is presented, while
section 4 presents evaluation on the 20-newsgroup corpus [13]. Finally, section 5
concludes this paper and presents some future directions.

2 Related Work

The task of transfer learning can be defined as follows: given a source domain
DS , a source task TS , a target domain DT �= DS , and a target task TT , transfer
learning aims to learn a function fT that accomplishes task TT , by exploit-
ing knowledge derived from DS and TS . A fairly recent overview of the area of
transfer learning is given in the survey of [17], including the definition of transfer
learning, its relation to traditional machine learning, a categorisation of transfer
learning approaches, and practical applications of transfer learning. More re-
cent approaches that target the task of domain adaptation can be found on the
ACL 2010 Workshop on Domain Adaptation for Natural Language Processing
(DANLP 2010) [8].

A lot of approaches exist that perform model adaptation in a fully supervised
way (i.e. requiring labelled examples for both the source and target domains).
For example, EASYADAPT [9] augments the source domain feature space us-
ing features extracted from labelled data in target domain. Prior work on semi-
supervised approaches to domain adaptation also exists in literature. Recent work
in domain adaptation has focused on approaches such as self-training and struc-
tural correspondence learning (SCL). The former approach involves adding self-
labelled data from the target domain produced by a model trained in-domain [14].
The latter approach focuses on ways of generating shared source-target represen-
tations based on good pivot features [4,5,9]. However, the approach presented in
this paper follows an unsupervised approach, thus requiring no labelled examples
from the target domain. Unsupervised approaches try to exploit knowledge either
from external knowledge sources, like our approach and [11], or from the distribu-
tion followed by the target domain [7,20]. The work presented in this paper can be
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categorised as an “unsupervised feature construction” approach, according to [17].
Thus, approaches that try to extend a feature set through the unsupervised ex-
traction of new features share some common ground with our approach. In [11] an
approach that extracts new features by exploiting world knowledge is presented.
World knowledge is represented through publically available ontologies, such as
the Open Directory Project (ODP), where features from the source domain are
mapped to appropriate ontology concepts, and “is-a” relations are exploited in
order to acquire new features that augment the original feature set. Finally, the
most appropriate features are selected through a feature selection phase. The work
presented in [22] is also closely related to our approach: feature correlation is used
in order to group features into correlated groups. For example, words like “orange”,
“lemon”, “apple” and “pear” may often appear together in documents: aggregat-
ing them into a new correlated group “fruits”, creates a new feature. If enough
evidence exists in a document from the target domain (i.e. some of the features
of the correlated group appear in the document), the feature that corresponds to
the correlated group may help the task TT in the target domain. In a sense, both
approaches exploit information that can be characterised as “text relatedness” (or
“feature relatedness”), as both “is-a” relations and correlation can be viewed as
a relatedness measure between features.

However, our method has also some important differences with these two
methods. Our text relatedness measure is based on synonymity, as provided by
an electronic dictionary such as WordNet. An electronic dictionary may be an
easier resource to find than an ontology or hierarchy, thus our approach may have
a small advantage in initial requirements when compared to [12]. On the other
hand, the calculation of feature correlation has no initial requirements in re-
sources, but requires a corpus of adequate size, in order to extract the correlated
groups. In addition, mining correlated groups may be computationally intensive
if the feature set from the source domain is large enough (a problem tackled by
limiting the source domain feature set to 2000 features, selected through mutual
information, as reported in [22]). Finally, synonymity is a slightly more restricted
text relatedness measure, compared to “is-a” relations (that can have many lev-
els in the concept hierarchy) or correlation (which can relate possible unrelated
features). Being a slightly more accurate text relatedness metric, it constitutes
the need for feature selection, after the expansion of the source feature set, less
important. In fact, our approach does not have a feature selection phase at all,
in contrary to the two related approaches.

3 Domain Adaptation Based on Text Relatedness

The proposed methodology assumes a source domain DS , a target domain DT �=
DS , a task T common for both domains, a feature space for the source do-
main XS , a label space L common for both domains, and a set of labelled ex-
amples originating from the source domain LS = {X1, · · · , Xn}, where Xi =
{x1, · · · , xn, li}, xi ∈ XS , li ∈ L. In addition, our approach assumes a function
r (xα, xβ) ∈ R : 0 ≤ r ≤ 1.0, xα, xβ ∈ XS , X T , which decides if two features
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are related, according to a text relatedness metric. Finally, a function fXT is
assumed, that can extract a feature space XT from the target domain DT . The
function fXT can be even a naive one, i.e. a function that returns all words in a
corpus from the target domain DT .

3.1 Text Relatedness Based on Synonymity

Our approach assumes a relatedness function r (xα, xβ), that can compare two
features (either from the source or from the target feature spaces), and return
whether the two features are related or not. Although many relatedness metrics
can be devised and used, we have opted for a simple one, based on synonymity.
Assuming an electronic dictionary, which contains synonyms, text relatedness
that is based on synonymity can be described with the following algorithm:

1. If xα and xβ are the same, return 1.
2. Let Sα be the set of synonyms of xα, and Sβ the set of synonyms of xβ ,

according to the dictionary.
3. If xβ ∈ Sα or xα ∈ Sβ , return 1.
4. If Sα ∩ Sβ �= ∅, return 1.
5. Else, return 0.

In simple words, our synonymity relatedness metric returns true, if the two
features are synonyms, or when they have at least one common synonym. The
electronic dictionary that has been chosen is WordNet [15], as has already been
mentioned. It should be noted that all synonyms for all senses are treated equally,
without performing any kind of word sense disambiguation [16], as is performed
for example in the approach described in [12].

3.2 Extracting Features from the Target Domain

Our approach assumes that there is a function fXT , which can extract features
from the target domain DT . Since no further requirements are assumed about
this function, the function can be as naive or complex as the task T requires. We
have considered a feature extraction procedure, which examines all documents of
a corpus from the target domain DT , and calculates the TF-IDF score for every
word of the document. “Stop words” are rejected, and the rest of the remaining
words are sorted according to their TF-IDF score, in a descending list. Then, an
amount of the best scoring words, specified through a parameter θ (interpreted
as a percent of the total words in a document), is extracted from each document,
and added to the feature space that will be returned as the result.

3.3 Extracting New Features

Once we have a method for extracting possible new features from the target
domain DT , through the function fXT , and a text relatedness metric r (xα, xβ),
we can apply these two functions in order to acquire a feature set from the target
domain:
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1. Let X Initial
T be the feature space, as extracted from the target domain DT

by the function fXT .
2. Each feature xs ∈ XS from the source feature set is compared to each feature

xT ∈ X Initial
T in the extracted from the target domain feature set. The

function r (xα, xβ) is used for comparing the pair of features.
3. Features from the X Initial

T that are not related to any feature in XS , are
eliminated from X Initial

T , leading to a new feature space XRelated
T .

4. As a final step, all features xT ∈ XRelated
T are examined: every feature xT

that is related to more than one features in XS , is removed from XRelated
T ,

leading to the final feature space that relates to the target domain XFinal
T .

The result of this procedure, the final feature space that should be used for
performing task T on the target domain DT is the union of the two feature
spaces: X = XS ∪ XFinal

T .

3.4 Representing the Extracted Knowledge

The augmented feature space X that has been extracted as described in the pre-
vious subsection, contains all features of the source domainDS , and new features
from the target domain DT , each of which is unambiguously related to a single
feature from DS. The only unsolved issue is how this augmented feature space
is going to be represented as vectors, which can be used with a machine learning
algorithm. Although this decision may rely on the particular machine learning
algorithm that will be used, empirical evaluation suggested that the best alter-
native is to form “groups of features”, where each old feature is replaced by a
set of “related” features: the original one, plus the related ones from the target
feature space, if they exist. This representation has been proved beneficial, at
least for the task we have chosen to evaluate our approach (document classifica-
tion), the chosen representation (bag-of-words) and the chosen classifier (kNN
with k = 1 and cosine similarity as its distance metric).

4 Empirical Evaluation

In order to evaluate the algorithms proposed in the previous sections, we per-
formed experiments on the 20-newsgroup dataset [13]: the 20-newsgroup dataset
is a collection of approximately 20000 newsgroup documents, partitioned (nearly)
evenly across 20 different newsgroups, and is a standard evaluation corpus in
many works related to domain adaptation or transfer learning. The task chosen
for our empirical evaluation is document classification.

4.1 The 20-newsgroup Corpus

The 20-newsgroup corpus is preconfigured in training and testing material. De-
spite the fact that it is a popular evaluation corpus for domain adaptation ap-
proaches, it is unclear to us if all works that report results on the corpus use the
same train/test partitioning, as different results are reported even for the base
cases, as in [17] for example. In order to ease comparison with other approaches



614 G. Petasis

Table 1. Corpus characteristics of the 20-newsgroup corpus

Pair
Posts for Domain
Source Target

rec vs sci 4762 3169

rec vs talk 4341 2891

sci vs talk 4325 2880

we opted in using the predefined train/test segmentation of the corpus, as it
is distributed. Regarding the task, we will limit evaluation to the three more
popular evaluation pairs: “rec vs talk”, “rec vs sci”, “sci vs talk”. The main idea
behind the separation of these pairs, is that newsgroup posts from relevant but
different newsgroups are put in the source/target domains. The “rec vs talk”
class for example, may contain posts from the newsgroups “talk.politics.misc”,
“talk.politics.guns”, “rec. motorcycles”, and “rec.sport.hockey” as training ma-
terial representing the source domain, while the test data (representing the target
domain) may comprise from posts of the following newsgroups: “talk.politics.mid-
east”, “talk.religion.misc”, “rec.autos” and “rec.sport.baseball”.

4.2 Experiment Setting

All posts in the three pairs of interest were pre-processed, in order for words to
be recognised. A feature space from the posts constituting the training material
was extracted, using the approach described in subsection 3.2, which extracts
the top scoring words according to their TF-IDF weights, the number of which is
controlled through a percentage of the total words of each post. This parameter
was set to 0.003%, as it was found to roughly correspond to about one word from
each post, leading for example to 4564 features for “rec vs sci”, whose training
material contains 4762 newsgroup posts. The reason behind this choice was to
avoid possible over-fitting in the presence of too many features, and to provide
our domain adaptation approach a chance to discover a large number of features
from the target domain. As a measure of comparison, in [22] an initial feature
space of 2000 features was selected.

Another point of interest is the choice of the machine learning algorithm,
which will be used in order to learn a classification model. Support Vector Ma-
chines (SVMs) [6] are quite popular as a base case in model adaptation problems,
since prior studies found SVMs to offer the best performance, at least for doc-
ument classification using a bag-of-words representation [10,21]. However, since
our approach expands the feature space, we wanted to evaluate the effect of the
augmented feature space with the least possible intervention from the chosen ma-
chine learning algorithm. Thus, we selected one of the simplest machine learning
algorithms available, the k-nearest neighbour algorithm (kNN). kNN does not
have a training phase, as it just classifies test instances using a similarity metric
to measure distances from the training instances. In all experiments reported in
this work, a kNN implementation was used with k = 1, and cosine similarity as
the distance metric.
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The bag-of-words representation was used for all experiments in this paper.
Under this representation, each document (newsgroup post) is represented with
a single vector, which has the same dimension as the feature space in use. The
value for each feature is a real number, the TF-IDF weight of the feature in the
document. The characteristics of the 20-newsgroup corpus, as well as evaluation
results for the base classifier are shown in Tables 1 and 2 respectively.

4.3 Evaluation Results

The evaluation results of our approach are shown in Table 2. The upper part
of Table 2 contains the evaluation results of our approach. The rows correspond
to the examined pairs of newsgroups, while columns include information about
the performance of the kNN classifier for the feature-space expansion phase.
Evaluation results are presented in terms of precision, recall and F-measure (F1).
In table columns concerning recall, the improvement from the corresponding
base case is also displayed, as difference between percentages. The lower part
of Table 2 contains evaluation results from [19], where two model adaptation
approaches were evaluated and compared with SVMs, used as a base case. As

Table 2. Evaluation results on domain adaptation for the 20-newsgroup corpus.
Results from [19] are also shown for comparison purposes.

Feature space expansion based on text relatedness

Pair
kNN (k = 1, cosine similarity)

Accuracy (base) Accuracy (model adaptation)

rec vs sci 40.07% 55.35% (+15.28)

rec vs talk 51.78% 68.52% (+16.74)

sci vs talk 41.67% 58.44% (+16.77)

(Shi, Fan and Ren, 2008) [19]
Pair Accuracy (base/SVM) Accuracy (TrAdaBoost) Accuracy (AcTraK)

rec vs sci 59.1% 67.4% (+8.3) 70.6% (+11.5)
rec vs talk 60.2% 72.3% (+12.1) 75.4% (+15.2)
sci vs talk 57.6% 71.3% (+13.7) 75.1% (+17.5)

we can see from Table 2, the increase in performance achieved by our approach
ranges from 15% (for “rec vs sci”) to 19% (for “rec vs talk”). In comparison, the
algorithm TrAdaBoost [7] achieved an increase ranging from 8% to 14%. The
algorithm TrAdaBoost employs boosting in a semi-supervised approach, which
exploits a small set of labelled data from the target domain, in addition to a large
labelled data set from the source domain, in order to minimise the importance of
labelled data from source domain (through weighting) whose distribution does
not match the one of the target domain. AcTraK [19] achieves an additional
improved of about 4% compared to TrAdaBoost, with the help of active learning
in a semi-supervised approach, where labelled data may be asked when necessary.
Our approach outperforms both approaches that represent the state of the art
in the field, when applied on the task of document classification.
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In addition, another interesting aspect of feature space expansion should be
noted: the classifiers are able to provide an answer for a much larger number of
newsgroup posts, even if the answer is not correct. For example, only 1571 (out
of 3169) posts of the target domain contained features from the feature space of
the source domain, in the case of the “rec vs sci” pair. After our approach has
expanded the feature space with features from the target domain, 2309 posts
of the target domain contained at least one feature from the augmented feature
space, offering the possibility for classifying a larger number of posts.

5 Conclusions

In this paper, a domain adaptation approach was presented, that exploits text
relatedness in the form of WordNet synonymity, in order to augment an initial
feature space, derived from the source domain, with new features from the target
domain. The proposed approached was empirically evaluated with the help of
a manually annotated corpus. Evaluation results suggest that our approach can
achieve an improvement comparable to other approaches that can be found in
the bibliography, despite the fact that it employs kNN as its classifier to the task
of document classification.
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